Herding among investors is a popular behavioral explanation for the excess variability and short-term trends observed in financial markets. Most empirical studies, however, fail to find evidence of herding in spite of testing a variety of theoretical models. One excuse for this failure is the coarse data frequencies employed. Using a high frequency intraday dataset from the Australian equities market, we find little evidence for market-wide or industry sector herding.
Introduction
The tendency for humans to imitate the behavior of their contemporaries is a phenomenon observed in a myriad of social contexts and throughout the various stages of our lives. As toddlers, we mimic the words spoken by our parents, as teenagers, we imitate the latest fads and fashions displayed by our idols, and as adults we are drawn to the cafes and restaurants frequented by our friends. Imitative behavior has also been associated with the actions of agents in economic situations.
Numerous definitions of herding in such contexts have been proposed by academics according to their specific research activities. Nofsinger and Sias (1998, p. 2263 ) define herding as 'a group of investors trading in the same direction over a period of time' while Banerjee (1992, p. 798) proposes a herd involves 'everybody doing what everyone else is doing even when their private information suggests doing something else'. Herding in the context of this paper can be defined as the process through which market participants follow aggregate market behavior by forming opinions based on collective actions of the market (Chang et al. 2000) . That is, we investigate a type of herding in which investors follow the performance of the market and are thereby lead to buy or sell without regard for the individual characteristics of the stocks. While this definition differs from that in which a subgroup of investors imitate one another's actions, our type of herding also inevitably results in the mispricing of individual assets due to the suppression of investors' equilibrium beliefs.
This type of herding would be most likely to occur as a response to an unexpected market (or industry sector) event. Therefore, it is reasonable to expect that it would be an intraday phenomenon. We use two previously identified models to look for herding during the trading day. Our analysis considers intervals of extreme market conditions, defined variously as the tails of the distribution or as trending markets, and of the whole sample. We also subset the sample into industry sectors to search for herding effects within industries. In all cases except the Property Trust industry sector we find that investors do retain the proclivity to judge stocks individually.
The remainder of the paper is organized as follows. The next section describes previous attempts to model and empirically identify herding behavior. The third section describes the theoretical models and the empirical equivalents that we will estimate. Following that, we describe our intraday data set and the variable specifications. Section five reports our results, and section six concludes.
Herding Measures in Cross-Sectional Data
The existence of herd behavior among specific participants in speculative markets has been analyzed empirically in a number of studies. Analysis of herding among fund managers has been extensively examined due to the relative importance of institutional investors in financial markets (Nofsinger and Sias, 1999) . Lakonishok, Schleifer, and Vishny (1992) (hereafter LSV) define herding as the average tendency of a group of fund mangers to buy and sell particular stocks simultaneously relative to what would be expected if the managers traded independently.
LSV examine quarterly portfolio holdings of 769 U.S. tax-exempt equity funds and find that fund managers in their sample do not exhibit significant herding behavior. They do, however, find evidence that herding may be more prevalent in stocks of small companies than in large company stocks.
Using the LSV measure and quarterly data on portfolio changes of 274 mutual funds between 1974 and 1984 , Grinblatt, Titman and Wermers (1995 find only weak evidence that funds tend to buy and sell the same stocks at the same time. However, they find evidence that the funds in their sample exhibit positive feedback trading. Also using the LSV measure and data on quarterly equity holdings of mutual funds, Wermers (1999) finds weak evidence of herding by mutual funds in average stocks, but finds stronger evidence of herding in small, growth stocks and among growth-oriented mutual funds.
The lack of consistent evidence of herding in prior studies may be the result of their focus on institutions' changes in quarterly holdings. The problem with using quarterly or annual data on holdings is that it may not reveal herding if it occurs within a shorter time interval. Furthermore, the use of quarterly data would make detection less likely as information received during this time interval is likely to overshadow any information obtained from observing the positions of other fund managers (Radalj and McAleer, 2003) .
The inconclusive results generated regarding the existence of herding among specific market participants does not preclude the existence of herding within the market as a whole. (hereafter CH) consider aggregate market herding in equity return data. They propose that the market impact of herding can be measured by considering the dispersion or the cross-sectional standard deviation (CSSD) of returns.
1 The measure captures how stock returns are spread around the average market return. The rationale behind the use of this dispersion measure is that if market wide herding occurs, returns on individual stocks would be more than usually clustered around the market return as investors suppress their private opinion in favor of the market consensus. Conversely, CH note that traditional asset-pricing theory predicts that the dispersion of returns increases with the aggregate market return as a result of the varying stock sensitivities to market returns. The type of herding described by CH can be labeled a strong form of herding evident in the asset-specific components of return and not in the common component of returns. Since dispersion measures the average proximity of individual returns to the mean, when all market returns move in perfect unison with the market, dispersion is zero. When individual returns differ from the market return however, the level of dispersion increases. CH exploit this fact to contend that when investors ignore the idiosyncratic features of stocks, security returns are 'swept along' with the market, thereby resulting in a lower than average level of dispersion during periods characterized by large market movements. Using daily and monthly returns on U.S. equities, CH find a higher level of dispersion around the market return during large price movements, evidence against herding.
Chang, Cheng and Khorana (2000) (hereafter CCK) propose a modification to the model presented by CH. Their model uses the cross-sectional absolute standard deviation (hereafter CSAD) of returns as a measure of dispersion to detect the existence of herding in the U.S., Hong Kong, Japanese, South Korean and Taiwanese markets. Their model suggests that if market participants herd around indicators, a non-linear relationship will result between the absolute standard deviation of returns and the average market return during periods of large price movements. By including an additional regression parameter to capture a potential non-linear relationship between security return dispersions and the market return, CCK develop a more sensitive means of detecting herding. This alleviates the limitation inherent in the Christie and Huang approach, which requires a greater magnitude of non-linearity in the return dispersion and mean return relationship to identify herding. CCK examine individual returns on a monthly basis and find a significant non-linear relationship between equity return dispersion and the underlying market price movement of the South Korean and Taiwanese markets, providing evidence of herding within these emerging markets. They do not, however, find evidence to support the presence of herding in the developed markets of the U.S., Hong Kong, and Japan.
While most studies make use of daily or monthly data to detect herding, few studies have employed the use of intraday data in examining the relationship between dispersions and equity market returns. However, intuitively herding can be seen to be an intraday phenomenon. When news is released to the market, traders unsure of what to expect may turn to each other. At intraday levels, traders will not have time to consult complex models to predict future price movements and therefore their decisions may not be compatible with rational thinking. Orlean (1998) notes that mimetic contagion is associated with investors' short-term behavior as agents who lack the time to interpret news on a short-term horizon and therefore spontaneously follow other market participants.
In a recent study, Gleason, Mathur and Peterson (2003) use intraday data to examine whether traders herd during periods of extreme market movements. Gleason et al. (2003) use the models proposed by both CH and CCK. However, their focus is on investor behavior within U.S.
Exchange Traded Funds (ETF), which may differ from investor behavior in traditional equity markets. Gleason et al. (2003) find no evidence of herding, indicating sufficient information exists within the ETF sector for investors to make informed decisions.
CH and CCK focus their analysis of herding on periods of extreme market movements, as they argue that traders are more likely to herd at times of heightened uncertainty and extreme market turbulence. However, herd behavior may be present when markets are quiet, because during these times the role of the market portfolio may be replaced by other factors that serve as herding objectives (Hwang and Salmon, 2001) . Using monthly return data from the period January 1990 to October 2000, Hwang and Salmon (2001) find evidence of herding towards the market portfolio in the U.S. during the period from January 1996 to July 1998, and in the UK between June 1997 and September 1998. They find that the propensity to herd during quiet periods is higher than that during periods of crisis, with the lowest levels of the herding measure obtained prior to the Russian Crisis of 1998 and the Asian Crisis of 1997. Sharma (2003) argues that herding would be more likely within industry sectors than across the entire market. However, literature considering the tendency for investors to herd within specific industries is scant. Moskowitz and Grinblatt (1999) provide evidence of a strong and prevalent industry momentum effect in the industry components of stock returns, which supports the idea of the existence of herding at an industry level. Sharma (2003) The fat tails which are a well-known feature of the distribution of stock returns correspond to large fluctuations in prices or 'bursts of volatility'. These are difficult to explain only in terms of variations in fundamental economic variables (Shiller, 1989) , and are not necessarily related to the arrival of information (Cutler, Poterba and Summers, 1989) . Herding is an intuitive explanation for these thick tails of price increments in financial markets. If a large number of agents acting on markets coordinate their action, the price change is likely to be substantial due to the large imbalance between buy and sell orders (Bouchaud, 2002, p. 243 ).
This coordination is argued to arise through exchange of information between traders, leading to clusters of agents sharing the same decision to buy, sell, or be inactive at a given point in time.
Bouchaud ( by previous studies in other markets. They also find that as returns are calculated at increasing frequencies, the distribution of returns becomes more non-normal. Fama (1976) and Oldfield and Rogalski (1980) also find that return distributions become increasingly non-normal at increasingly finer intervals. These studies further motivate the search for herding behavior using higher frequency returns. Cont and Bouchard (2000) provide a quantitative link between the heavy tails observed in the distribution of stock market returns and herding behavior, asserting that the failure of purely statistical explanations to account for the presence of heavy tails suggests the existence of a more fundamental market mechanism common to all speculative markets. They present a model of a stock market where a random communication structure between agents gives rise to heavy tails in the distribution of stock price variations in the form of an exponentially truncated power law, which reflects that observed in empirical studies of high frequency market data (Cont and Bouchard, 2000) . Their model indicates that excess kurtosis increases as the degree of herding among market participants increases. Furthermore, the distribution of returns is more Gaussian when price changes across longer time-frames are considered, again implying that herding behavior may be more prevalent when high frequency data is analyzed.
Past empirical studies of herding behavior consider herding among specific market participants; however, few studies consider herding within the aggregate equity market.
Furthermore, those studies which do focus on market wide herding generally use daily or lower frequency data, thereby missing any herding which may occur during the trading day. Empirical literature regarding herding on an industry level is also minimal. This paper contributes to existing literature on aggregate market herding by exploring these gaps in previous research.
Identifying Market Wide Herding
We adapt two existing models to examine intraday herding behavior of market participants in the Australian equity market. The first model by derives a theoretical relationship between cross-sectional dispersion (CSD t ), portfolio volatility and average volatility. The second model by Chang, Cheng and Khorana (2000) , though based on the same logic, adds additional power to the empirical tests.
CH define the cross-sectional dispersion at time t as 
where ( ) is the return of security i (portfolio p) for time t, is the weight of each stock in the portfolio. When all securities in the portfolio move in concert then is zero. Conversely, is large when the distribution of is disperse. quantifies the average proximity of individual returns to the realized average (Chang et al., 2000) . 
CSD
Dropping the time subscript for convenience and taking the expectations of Equation (1) leads to:
The first term on the right hand side of Equation (2) can be rewritten as:
where is the variance of security i's returns. Defining ∑ as the weighted average volatility of the component securities of portfolio p the above equation can be rewritten as:
The second term in Equation (2) can also be rewritten using the method outlined above. Thus,
Substituting Equations (4) and (5) into Equation (2), results in
Solving for PVOL yields the following relationship between equity return dispersions, average volatility, and portfolio volatility:
If the average volatility of securities comprising the portfolio is assumed to be exogenous, then the volatility of the portfolio will be an increasing function of the average volatility of component securities, while portfolio volatility will be negatively related to the expected cross-sectional dispersion (E[CSD]) of component security returns. An increase in portfolio volatility should generate a decrease in the dispersion of returns. If portfolio volatility is assumed to be exogenous, then E[CSD] is positively related to the average volatility of securities. If we define market wide herding to be when all securities in the (market) portfolio move together, then during periods where herding behaviour prevails average volatility will be low and dispersion will also be low.
CH use this decomposition to arrive at a test for herding under extreme market conditions, where herding is defined as traders ignoring their private assessment of individual assets and following the trend of the overall market. Thus, if herding occurs, individual returns will converge to the aggregate market return, resulting in decreased dispersion of individual returns from the market return (Gleason, 2003) . The findings of Nofsinger and Sias (2002) indicate that institutions herd together and trade with the momentum of the market on days when there are large movements in the aggregate market.
2 Goetzman (1995) expands on this result when he describes investor behavior during market fads and crashes. According to Goetzman (1995) , a fad occurs when stock prices are apparently moving together to a greater extent than normal, stock returns are going up, and the whole market is going up. During a fad, the cross-sectional variation would be expected to be low. Goetzman (1995) argues that this reduced variation would also be expected with investor mass pessimism, for instance, during a panic or crash. In markets not marked by either euphoria or mass pessimism the cross sectional variation would be expected to be higher. Therefore, we examine trading intervals characterized by large swings in average prices, in which a lower than expected level of cross sectional variation would indicate herding.
2 Large movements in the stock market are defined as situations in which the absolute value of the return of the market portfolio exceeds two percent.
Rational asset-pricing models and herding behavior propose distinct predictions regarding the behavior of the cross-sectional standard deviation of returns during periods of markets stress. Rational asset-pricing models predict that during extreme market movements, large changes in the absolute value of the market return translate into an increase in dispersion due to the differing sensitivities of individual securities to the market return. The existence of market wide herding behavior, in contrast, dictates that dispersions would be relatively low in the presence of large market movements. We test for herding, or alternatively for rational asset pricing, by estimating the following empirical specification:
where is the cross-sectional standard deviation at time t, and is defined as Because non-normality of returns and the fat tails of return distributions affect standard deviation metrics more than they affect absolute deviation measures, and because standard deviations are inherently more sensitive to outliers than are mean absolute deviations, CCK propose an alternate model to identify herding. In the framework of the conditional version of the capital asset-pricing model (CAPM), the absolute value of the deviation (AVD) of security i's expected return in period t from the tth period portfolio expected return is defined as
Forming the arithmetic mean of the 's over all assets i results in a measure of the average absolute value deviation or expected cross-sectional absolute value deviation (E[CSAD]).
If all market participants estimate prices according to the conditional CAPM, i.e., in the absence of herding, the (E[CSAD]) will be positively and linearly related to the expected market return . Taking the first and second derivatives of (E[CSAD]) with respect to the market return reveals the increasing and linear relation between dispersion and the time-varying expected market return as predicted by rational asset-pricing models.
However, when market participants herd, expected security returns will not deviate far from the expected overall market return because investors suppress their own opinions. 
R E
The model represented by equation (11) can be transformed into an empirical one by replacing the expected quantities with the realized market return and the cross-sectional absolute deviation of returns .
One can then test the model with historical data. As described previously, it is predicted that market participants are more likely to herd during market stress, as characterized by periods of large price movements. Thus, we would expect a less than proportional increase in for The assumption that herding occurs only during extreme market movements may be a weakness of these models. Hwang and Salmon (2001) argue that herding is more likely in quiet markets. We examine this assertion using the CCK procedure over the entire sample. We also test relatively less extreme up-market and down-markets, where the down-market (up-market) is defined as comprising all observations for which the return is less than zero (greater than zero).
This specification allows us to capture potential asymmetries in the herding behaviour without confining our search to the extreme tails of the distribution. Within these variations of the CCK model, herding by market participants would be established by negative and statistically significant coefficients. 2 γ CCK report an asymmetry in investors' reactions to news in the five markets they study.
They show that the rate of increase in dispersion as a function of aggregate market returns is higher when the market is advancing than when it is declining, reflecting an increased likelihood for herding to occur during periods of down-market stress. McQueen et al. (1996) report related results, finding that of the common NYSE stocks they study, both large and small stocks react quickly to negative macroeconomic news, but small stocks adjust to positive news about the economy with a delay. This lagged response to good news but not bad news is evident in monthly and weekly return series. Consistent with the current and lagged asymmetry documented by McQueen et al. (1996) , Lamoureux and Panikkath (1994) find that the CSSD of daily returns is asymmetric between large up and down swings in the market.
Studies of the behavior of institutional investors also document this asymmetry. Grinblatt et al. (1995) examine the quarterly holdings of 155 mutual funds from 1975 to 1984 and find that fund managers follow asymmetric momentum investment strategies only after good news. They find that fund mangers buy past winners but do not systematically sell past losers, resulting in several funds herding into the same group of stocks based on their past quarter returns. Keim and Madhavan (1995) examine the behavior of institutional traders using data on the equity transactions of 21 institutions over various sub periods from 1991 to 1993 and find that institutional traders spread buy orders over longer periods than equivalent sell orders. The relative impatience on the part of sellers may be due to a higher perceived risk of failing to sell in a declining market. Furthermore, few investors have a naturally short position, and many face restrictions on short sales. Thus, while traders can choose among many potential assets to buy, they usually limit their sales to those assets they already own (Keim and Madhavan, 1995) . This would suggest that institutional investors would be more likely to herd in a down-market than in an up-market.
An asymmetric market reaction to good news and bad news is also a characteristic of intraday returns. Lockwood and McInish (1990) examine the behavior of intraday returns during and across bull and bear markets using the opening and closing values of the Dow Jones Industrial Average for the period 1964 to 1984. Defining a bull (bear) market as one in which during a particular time period the market increases (declines) by at least ten per cent from its most recent low (high), Lockwood and McInish (1990) find that intraday returns are significantly more volatile during bear markets than during bull markets. We test for an intraday asymmetric reaction to news with both of the models we estimate. With CH, we examine the relationship between the coefficient estimates and from Equation (8). With CCK, an expected asymmetric reaction to news would be indicated by a rejection of the null hypothesis that and , with the prediction that the rate of increase of CSAD in the upmarket will be greater than that of the down-market.
Data and Estimation Technique
The data for this study was complied by the Securities Industry Research Centre of Asia- (Granger and Ding, 1993) . The resulting data set comprises most actively traded stocks on the ASX and all stocks with a market capitalization of more than A$0.5 billion.
The prices are observed at six hourly intervals of the trading day, starting at 10:30 a.m.
The first half hour of trading is excluded from the analysis due to the nature of the sequential opening auction procedure used on the ASX 5 . This data structure also excludes the last half hour of the trading day, which avoids capturing volatility associated with the close. To enable a comparison to other studies, we also perform the analysis on a daily interval from 10:30 -3:30.
6
The midpoint return is defined as the natural logarithm of the average of the bid and ask quotes at the end of the interval divided by those at the beginning of the interval. The market 4 The same analyses were applied to samples comprising the largest (by market capitalization) 200 and the largest 100 firms listed on the ASX (no share price limitations imposed); results are quantitatively similar and available from the authors on request.
5 SEATS opening times are staggered depending on the starting letter of the ASX code for the security. Entering orders during the opening, whether for the market as a whole or for an individual security, is not allowed. As a robustness check, we performed the same analysis for intervals starting at 10:10 (by which time trading in most stocks has usually commenced under normal market conditions). The results are consistent with those reported here.
return is defined as the equally weighted average of the midpoint returns of all the firms in the sample. We use an equally weighted portfolio return rather than a value weighted return for our investigation because the market capitalization of the Australian equities market is heavily concentrated.
The cross-sectional standard deviation of returns as defined by CH is measured as: 
We estimate (18) and thereby avoid the individual beta estimations.
Finally, to test for industry-wide herding rather than market-wide herding we form ten equally weighted industry portfolios for each of the hourly intervals. Each firm in the sample is assigned to one of the 23 ASX industry sectors according to the three-digit industry group classification provided by SIRCA. To reduce the number of sectors this classification is then mapped into ten economic sectors as defined by the Global Industry Classification Standard (GICS). 7 For instance, the Diversified Industrial ASX industry sector has 78 percent of its market capitalisation within the Industrial Sector, and thus firms in the ASX Diversified Industrial Sector are classified as the GICS 'Industrials' sector.
We use the Generalized Method of Moments (GMM) of Hansen (1982) to estimate the parameters in the models. The dispersion variables used as the dependent variable in our models display significant levels of serial correlation and a non-normal distribution, making GMM our preferred method of parameter estimation. The GMM procedure involves choosing estimates for the parameters that minimise a criterion function based on the orthogonality restrictions or moment conditions of the data. We use the regressors themselves to identify the parameters in the models.
Results
Our study supports the predictions of rational asset pricing models. We find no evidence of market wide herding with either model, regardless of whether we consider intraday or daily data. These results are consistent with previous studies, which have failed to find evidence of herding using a variety of models and data samples.
In Table 1 , we report univariate statistics for the intraday and daily market returns and the CSAD and CSSD of returns. As expected, the magnitude of the dispersion measures is higher for 7 The GICS Information Technology sector is not included in the sector groups due to the ambiguity about which industry groups are its major constituents. For instance, the Miscellaneous Industrials Sector is mapped as comprising 45% of its market capitalisation within this sector (in May 2001) while having a 47% share of market capitalisation within the Industrials sector, to which it is assigned. The Telecommunications Sector is mapped as comprising only a 1% share in this sector, resulting in its inclusion in the Telecommunication Services GICS sector.
the daily data than for the intraday data, reflective of the fact that, with intraday data, individual returns have less time to stray from the mean market return. The intraday CSAD dispersion measure displays a lower mean and less variability than the intraday CSSD dispersion measure, confirming the findings of previous literature which indicates that standard deviation metrics are inherently more sensitive to outliers than are mean absolute deviations (Granger and Ding, 1993) .
To test for stationarity in the dispersion series, the Dickey-Fuller (1979) test is conducted. The null hypothesis of a unit root is rejected, however the autocorrelation evident in the dispersion series supports the choice of GMM as the parameter estimation technique. Table 2 reports the GMM parameter estimates and the heteroskedasticity consistent tstatistics generated from the estimation of Equation (8) It is also of interest to note that in comparing the parameter estimates generated across the two criteria used to define market stress, the parameter estimates are smaller the larger the percent criterion used. For instance, the 5% criterion produces smaller estimates for and than the 2% criterion. It appears that the predictions of the rational asset-pricing model are better satisfied as market movements are confined to more extreme levels, contrary to our expectation of herding in which dispersions would decrease when the market is subject to greater levels of stress.
Insert Table 2 about here
A comparison of the coefficients and suggests that the increase in dispersion resulting from market stress is consistently greater in down markets than in up markets. The t-test for parameter equality confirms that this difference is significant at the 5% level for the intraday data. The greater increase in dispersion during down-markets than up-markets is contrary to our expectations. It would seem that market participants are more likely to follow the pattern of trading established by aggregate market activity leading to a major shift into or out of the asset during up-market phases rather than down-market periods, suggesting that booming markets aggregate less information and could therefore be more fragile than market downturns. This finding challenges the assertion of CCK that there is an increased likelihood that herding will occur during periods of down-market stress. CCK report an asymmetry in investors' reactions to good news in the five markets they study. They show that the rate of increase in dispersion as a function of aggregate market returns is higher when the market is advancing than when it is declining. Our findings are, however, consistent with those of Hwang and Salmon (2001) , who provide evidence that both the US and UK markets exhibit herding towards the market portfolio during bullish periods, with the greatest level of herding obtained just prior to the Russian Crisis evidence that herding is not a feature of the Australian equity market.
The rate of increase in the CSAD associated with a down-market, as captured by , is larger than that of an up-market as captured by . The larger magnitude of the coefficient relative to the coefficient provides possible evidence that investors display asymmetric reactions to good and bad macroeconomic news. The F-test for the null hypotheses that and = is rejected for the daily sample, though not for the intraday. Thus we find mixed support for the expectation of asymmetric reaction and stronger herding in down markets, consistent with our results from the CH model.
Although we fail to find market wide herding, the possibility exists for investors to mimic one another's choices within industry sectors. To test for this possibility, we allocate each of the companies in the sample to an industry sector and estimate the models for those sectors. Table 4 provides the average CSAD of each industry sector, its associated standard deviation, and the average number of firms used to compute these statistics. The descriptive statistics are provided for the intraday and daily data for the period December 2000 to December 2002. For both the daily and intraday data the Property Trusts Sector displays the lowest level of dispersion, while the Industrial Sector has the highest average and standard deviation of dispersion. The low level of dispersion evidenced in the Property Trust returns reflects the consistent performance of the sector during the sample period. Furthermore, Property Trusts derive most of their income from rentals on commercial building and in most cases have highly predictable cash flows due to the long-term nature of the commercial lease arrangements in which they are involved. Historically, Property Trusts are about 40% less volatile than general equities.
Insert Table 4 about here
Panel A (B) of Table 5 Table 6 reports the coefficients of the CCK model portrayal of investors and fund managers as herds, which, at the first sign of trouble, "flee to safer havens". Furthermore, this explanation is consistent with the explanation for industry momentum provided by Moskowitz and Grinblatt (1999) .
Insert Table 6 about here
The results of the non-linear regression specification, which indicate herding exists in the Property Trust sector, conflict with those of the dummy variable regression reported in Table 5 , where herding behavior is not evident. This inconsistency can be attributed to the nature of the dummy variable regression model which requires a greater magnitude of non-linearity in the return dispersion and mean return relationship for evidence of herding (Christie and Huang, 2000) . If we consider the regression specification given by Equation (14) for the up-market using intraday returns, the concave relationship estimated indicates that CSAD reaches its maximum value at the point where ) 2 / ( where the dispersion measure trends downwards. If this does not occur, the dummy variable coefficient will not be negative.
Conclusion
In general, our results favor the rational asset-pricing argument in both the daily and intraday analysis, as well as for most industry sectors. All indications support the assertion that information is imparted efficiently to investors in the Australian equity market, obviating the need for traders to form their trading decisions on the perceived consensus actions of the overall market. Furthermore, our results imply that market participants have a high level of firm specific information, consistent with the findings of Bessembinder et al. (1996) who conclude that agents with high levels of specific information prefer to trade exclusively in individual securities rather than trade in a basket of stocks. The failure to identify herding in this study may additionally suggest that multidimensional uncertainty is not prevalent in the Australian stock market. Avery and Zemesky (1998) note that herding behavior will not occur when uncertainty within the stock market is only about the value of the underlying investment, and in such cases, the stock market price will be informationally efficient. However, when an additional element of uncertainty is contributed to the market, namely uncertainty about the accuracy of information possessed by market participants, a one-dimensional stock price will no longer be efficient and herd behavior may arise even among rational investors.
It should be noted that the approach used to detect herding in this study, as pointed out by Richards (1999) , looks for evidence of a particular form of herding (herding towards the market portfolio) and considers this only in the asset-specific component of returns. The approach, therefore, does not consider herding that may occur in the common component of returns, for instance in the situation where prices of all assets in a class (or market) change in the same direction. Thus, the absence of evidence against this particular form of herding should not be construed as indicating that other types of herding do not exist. 
Stress
Reports the estimated coefficients of the following regression model using hourly and daily returns: , where ( ) equals one if the market return at time interval t lies in the extreme lower (upper) tail of the distribution and zero otherwise. The 2% and 5% criteria refer to the percentage of observations in the upper and lower tail of the market return distribution used to define extreme price movements. The t test tests the null hypothesis that = in each of the three cases. A total of 2,515 dispersion measures are used in the intraday regression whilst 505 are used in the daily estimation. The sample comprises the top 200 stocks by market capitalization, which have a closing price greater than or equal to $0.50 during the sample period. Stocks that did not trade for more than 50 days during any one-year period are omitted from the sample, as are stocks that have missing stock codes. For stocks trading above $2, any transaction when the stock experienced a price change of more than 25% or less than -25% is excluded. Parameters are estimated using GMM. Heteroskedasticity-consistent t-statistics are reported in parentheses. *(**) Indicates the coefficient is significant at the 1% (5%) level. Stocks that did not trade for more than 50 days during any one-year period are omitted from the sample, as are stocks that have missing stock codes. For stocks trading above $2, any transaction when the stock experienced a price change of more than 25% or less than -25% is excluded. To ensure that both the intraday and corresponding period daily portfolios contained at least 20 securities in any particular day, the Energy, Healthcare, Telecommunications, and Utilities industries were excluded from the intraday data set, while the Consumer Discretionary industry was also excluded from the daily data set. 
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During Periods of Market Stress
Panel A reports the estimated coefficients of the following regression model: , where ( ) equals one if the market return at interval t lies in the extreme lower (upper) tail of the distribution and zero otherwise. The 2% and 5% criteria refer to the percentage of observations in the upper and lower tail of the market return distribution used to define extreme price movements. The regressions are calculated for each of the industries listed below for the sample consisting of the top 200 stocks of the ASX of each year for the period 2001-2002 that have a daily closing price greater than or equal to $0.50. Panel B uses daily data to estimate the same regression model. To ensure that both the intraday and corresponding period daily industry portfolios contained at least 20 securities in any particular day, the Energy, Healthcare, Telecommunications, and Utilities industries were excluded from the intraday data set, while the Consumer Discretionary industry was excluded from the daily data set. The t-test tests the null hypothesis that = . Parameters are estimated using GMM.
Heteroskedasticity-consistent t-statistics are presented in parentheses. *(**) indicates the coefficient is significant at the 1% (5%) level. 
